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for folding stability implies that at least ~30% to ~60% of among amino acid 23 substitutions would have experienced epistasis. Additionally, our model predicts 24 substantial epistasis at marginal stabilities therefore linking epistasis to the strength of 25 selection. Estimating the contribution of governing factors in molecular evolution such 26 as protein folding stability to epistasis will provide a better understanding of epistasis 27 that could improve methods in molecular evolution. Epistasis refers to the non-linear and non-additive interactions among mutations. In the 33 presence of epistasis, the genetic background affects the selective advantage of a 34 mutation and the order at which amino acids are substituted matters. The extent of 35 epistasis reflects the ruggedness and topology of the fitness landscape, which is the 36 multi-dimensional mapping of genomic sequence to molecular properties and to 37 organismal fitness. Since epistasis reflects the ruggedness of the fitness landscape, a 38 mechanistic understanding of its origin is important for reconstructing the evolutionary extent and mechanism for epistasis is crucial for inference of evolutionary past, such as 44 phylogenetic methods and various statistical tests for adaptive evolution (WEINREICH et 45 al. 2013) . A major shortcoming of most of the methods in molecular evolution is the 46 assumption of additivity of mutational effects and independent evolution among sites 47 within a gene or protein. Accounting for epistasis could enhance the accuracy and 48 predictability of these tools (CORDELL 2002) . 49
There are numerous examples of epistasis in proteins (STARR AND THORNTON 50 2016) (MITON AND TOKURIKI 2016). In the evolution of cefotaxime resistance in E. coli ß-51 lactamase, mutations that enhanced cefotaxime hydrolysis are also destabilizing and 52 therefore only beneficial in high stable backgrounds (BERSHTEIN et al. 2006; WEINREICH 53 et al. 2006) . Similar findings were observed in the evolution of the vertebrate 54 glucocorticoid receptor (BRIDGHAM et al. 2009 ) and the nucleoprotein in human influenza 55 viruses (GONG et al. 2013 ). In the study of site-directed mutagenesis in hepatitis C virus 56 NS3 protease variants, the same mutations introduced to different backgrounds resulted 57 in a broad range of fitness effects, from nearly-neutral to almost lethal (PARERA AND 58 MARTINEZ 2014). 59
In general, non-commutativity of mutations can be of two types-magnitude 60 epistasis and sign epistasis. In magnitude epistasis, the beneficial or deleterious nature 61 of mutations remains unchanged but their magnitude is amplified or suppressed 62 depending on genetic background. However, in sign epistasis, the beneficial/deleterious 63 nature of mutations are interchanged, a beneficial mutations in one genetic background 64 can become deleterious in another . By comparing stability effect 65 of all single and double mutations of IgG-binding domain of protein G, Olson et al. 66 reported pervasive sign epistasis among different combinations of mutations (OLSON et 67 al. 2014) . Epistasis can also be classified as either positive or negative. Positive 68 epistasis occurs when the combined effect of two mutations is higher the arithmetic sum 69 of their individual effects, negative epistasis occurs when this sum is lower. 70
In proteins, it is helpful to distinguish between specific epistasis and non-specific 71 epistasis (STARR AND THORNTON 2016) (Figure 1) . Specific epistasis results from direct 72 physical interaction of spatially close residues in 3D structure or indirect influence of 73 residues on each other through long-range allosteric effects. Mutations occurring at 74 spatially proximate sites will have non-additive contribution to the biophysical properties 75 of proteins such as stability, activity, dynamics, or binding with partner proteins (STUDER 76 et al. 2013 ). If the biophysical properties determine organismal fitness, as recently 77
shown in examples of viral and microbial evolution (BERSHTEIN et al. 2017) , the non-78 additivity at the level of proteins translates to non-additivity at the level of fitness. As a 79 consequence, the rate and patterns of substitution in one site may be correlated with 80 that of another spatially close site (SÜEL et al. 2003; MORCOS et al. 2011; MARKS et al. 81 2012; POLLOCK et al. 2012; DICKINSON et al. 2013) . 82
Non-specific epistasis arises from the non-linear dependence of 83 cellular/organismal fitness to biophysical properties such as folding stability (Figure 1) . 84
Even if biophysical traits are additive and non-epistatic, the non-linear mapping of the 85 biophysical property to fitness introduces non-linear interactions among mutations at the 86 fitness level. Since Darwinian selection acts at the level of organismal fitness, non-87 specific epistasis could affect the rate of evolution. The simplest mapping between 88 fitness and protein properties exhibits a single peak, such as shown in Figure 1 for 89 folding stability. This single-peak and plateau-like fitness landscape has also been 90 shown for the relationship between fitness and intracellular abundance of a gene and 91 between fitness and enzyme activity (FLINT et al. 1981; DYKHUIZEN et al. 1987 Folding stability is a universal property of proteins that determine the fraction of proteins 102 in the native state. Based on the simple assumption that proteins need to be folded for 103 organisms to be viable, a quantitative fitness landscape (Figure 1) comparing two relative evolutionary rates-the average dN/dS among protein 126 orthologues and the average mutational usage (Figure 2A) . Using a combination of 127 forward evolutionary simulations and theoretical analysis, we show that the fraction of 128 amino acid substitutions that experience epistasis due to folding stability is at least 129 ~30%, and could reach up to ~60% for proteins evolving at low stability. We also find 130 
Non-specific epistasis due to the protein folding fitness landscape 141
In the absence of epistasis, the substitution rates are independent of genetic 142 background. Thus, to estimate epistasis, one approach is to compare the rates of 143 background-and lineage-specificity of amino acid substitutions (Figure 2A) . 153
where u is the number of unique amino acids in each site in an MSA 154 and is referred to as the mutational usage. L is the length of the protein. Altogether, R u represents the optimal evolutionary rate with selection but without 164 To determine how much epistasis can be explained by folding stability, we 172 simulate protein sequence evolution under selection for stability, generate multiple 173 sequence alignment, and apply Equation 1. Briefly, protein sequences are evolved 174 using a Wright-Fisher sampling approach with the fitness function: 175
where DG is the folding free energy and ! is the Boltzmann constant. Equation 2 177 represents the probability that a protein is in the native state, which is required for 178 function. When a random non-synonymous mutation occurs, it changes the folding 179 stability of the wildtype by ∆∆# = ∆# %&' − ∆# )* , where DG mut is the new stability of the 180 mutant. In this folding stability fitness landscape, the selection coefficient is 181
The functional form of s nat distinguishes between different background stabilities as 183 widely discussed before (CHEN AND SHAKHNOVICH 2009; GOLDSTEIN 2011; SEROHIJOS 184 AND SHAKHNOVICH 2014b). Assuming that the population is monoclonal, at each 185 mutational attempt, the probability of fixation is defined by the Kimura formula,: 186
In our simulations, we assume an effective monoclonal population size of N e =10 4 . Our 
we find that up to half of this estimated can be accounted for by simple selection for 209 folding stability. 210
Additionally, in our simulations based on folding stability, the mutational usage is 211 u~13, which means that each site in the MSA has an average of 13 (out of the possible 
Prevalence of negative epistasis under selection for thermodynamic stability 229
In the analysis above, we examine the role of epistasis on long-term protein 230 evolution by analyzing amino acid substitutions across orthologues. Next, we analyze 231 short-term epistasis by focusing on the pairwise interaction between two randomly 232 arising mutations. Such an analysis is directly comparable to results from directed 233 mutagenesis or comprehensive deep mutational scans. Specifically, we want to 234 determine which type of pairwise epistasis, positive or negative, dominates under 235 selection for stability. To do so, we pick two random mutations A and B that change the Altogether, because the distributions P(DDG) and P(DG) are well-determined, we can 294 arrive at an estimate of R dN/dS . 295
Next, we seek a theoretical estimate of the mutational usage, R u . To do so, we 296 note that each protein sequence in an MSA corresponds to a DG value in the 297 distribution P(DG). That is, each sequence in an MSA is a random sampling of the 298 consider each site to follow the distribution P(DG). Similarly, for a given site, each amino 300 acid is a random sampling of the P(DG) distribution. In the language of molecular 301 evolution, the P(DG) distribution may be considered as the site-equilibrium frequency in 302 analogy to site-independence models of amino acids. Additionally, we note that in our 303 simple model of selection for folding stability, in the regime of very high stability 304
(DG < -20 kcal/mol), more mutations are allowed and amino acid usage (Figure S2,  305 black line). Thus, curating an MSA of k orthologous sequences is sampling the P(DG) 306 distribution k times (Figure S2) . From the MSA, the value u is an upperbound estimate 307 of mutational usage because it counts the number of unique amino acid in a site 308 irrespective of frequency. The equivalent in our sampling method is the highest u from 309 the k sampling of the P(DG) distribution (Figure S2) . We used a cut-off of P(∆G)=0.001 310 and estimated R u as the evolutionary rate at highest stability at this probability: To check the consistency between simulations and our theoretical approach, we 315 calculated R u for different number of sequences and also from Equation 6. Figure S3  316 shows the excellent agreement (r 2 =0.97, p-value < 10 -16 ) between R u calculated from 317 theory and simulations. The higher values of R u is calculated form theory is because of 318 conceivable higher dN within the theoretical approach. Since all the calculations in the 319 theoretical model are done with a continuous ∆∆G distribution, this condition is only 320 achieved when all residues or at least a viable fraction have been mutated once in the 321 sequence-explicit approach. Using both R dN/dS and R u calculated from theory, we 322 R u = ω (ΔG = min(ΔG P(ΔG )=0.001 ), ΔΔG)P(ΔΔG) ∫ arrived at e ~ 0.35-0.45, which is consistent with our results from explicit sequence 323 simulation (Figure 2) . 324
The theoretical approach enables us to investigate the sensitivity of estimated 325 epistasis to the distribution of mutational effects (Table 1 and Figure 5 Table S3 for details). For example, average and standard deviation of 331 P(DDG>0) (bi-gaussian distribution (see Methods)) can vary from (1.33, 0.42) ± (1.64, 332 0.83) in Ubiquitin to (3.02,2.29) ± (0.76, 1.12) in Human lysozyme giving rise to e=0.35 333 and e=0.46 for the two proteins within our approach, respectively. As shown in Table 1 To what extent does the estimated ~30% epistasis agree with estimates from 340 proteome-wide observations? Although several multiple factors that potentially 341 contributing to epistasis, some of them beyond the property of one single gene (protein-342 protein interaction, centrality in a metabolic pathway, or genetic interactions), selection 343 for folding stability have a major role, as quantified in this work. Since, folding stability is 344 a primary selective force in protein evolution, and our model is based on a simple two-state folding thermodynamics, our estimate of ~30% epistasis sets a lower limit for 346 epistasis experienced by real proteins. The higher limit for epistasis in molecular 347 evolution might be ~90% epistasis as reported by Breen et al. (BREEN et al. 2012) . 348
Additionally, estimating epistasis in long-term protein evolution by comparing 349 R dN/dS and R u from a multiple sequence alignment is simple, but not without potential we show that negative epistasis is the major type of epistasis under selection for PFS. 361
Negative epistasis is mainly caused by sampling curved parts of fitness landscape, i.e., 362 lower stabilities in the folding stability landscape. As illustrated in Figure S4 , any factor 363 that increases further sampling of the curvature of fitness landscape would increase 364 epistasis. Indeed, adding other biophysical properties that could be relevant to fitness 365 such as activity, dynamics, and binding to other proteins will only increase the 366 ruggedness of the landscape, and hence the estimated epistasis. Protein evolution model and simulated phylogenetic tree 372 373
Protein sequences were evolved using a Wright-Fisher sampling approach with two 374 fitness functions described by equations (4) and (5). In brief, codons were randomly 375 mutated in one of the sites and once a nonsynonymous substitution arose, the relevant 376 probability of fixation was calculated by the following equation: where -. is the weights of first distribution, / . , / 0 ,1 . and 1 0 are the average values and 412 standard deviations of each Gaussian distribution found to be 0.53 ± 0.12, 0.56 ± 0.12, 413
1.96 ± 0.53, 0.90 ± 0.16 and, 1.93 ± 0.29 respectively. The distribution of background 414 stabilities, P(DG), however, is a limiting distribution resulting from mutational supply and 415 selection. We have previously used a numerical algorithm to obtain limiting distribution 416 of protein stabilities under mutation-selection balance (KEPP AND DASMEH 2014) . In 417 P (ΔΔG) = p 1 !(µ 1 ,σ 1 2 ) + (1− p 1 )!(µ 2 ,σ 2 2 ) brief, we start with an initial distribution, 2 ∆# '34 , which is simply the distribution of 418 mutational effects centered on an initial stability, DG int . This distribution is then updated 419 iteratively as: 420
(Equation 10) 421
Here 2 ∆# 5 → ∆# 7 is the transition probability of a protein from ∆# 5 to ∆# 7 which is the 422 product of arising mutations and their fixation probability: 423
(Equation 11) 424
This approach is equivalent to locally weighted random walk sampling where 425 each stability is sampled per the known distribution at time t n giving rise to the 426 distribution at time t n+1 . Each time step in this numerical scheme is one mutational step. 427
This procedure is continued iteratively while the convergence to a limiting distribution is 428 reached judged by Kolmogorov-Smirinov two-sample test (Figure S5) . 429
430
Estimating the effect of point mutations on protein folding stability 431 432
To estimate the effect of site variations in mutational effects, i.e., DDG=DG mutated -DG pre-433 mutated , we took DDG values calculated for Dihydrofolate reductase (SEROHIJOS AND 434 SHAKHNOVICH 2014a). In brief, DDGs are calculated using the flexible-back bone method 435 of the ERIS algorithm (YIN et al. 2007 ). All side chains within 10Å of the mutated site 436 were optimized and all dihedrals were relaxed to minimize backbone strain. This 437 approach will give us a (Sequence length ´ 20 aa) matrix of DDG values which is used 438 for estimating the contribution of single sites to non-specific epistasis. 439 440 441 
